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BACKGROUND 
 
This paper explores a way of identifying a typology of rural households based on household 
income and characteristics of their farming land. The data about the tree management 
practices of households gathered in the household and community survey of the ACIAR 
Smallholder Forestry Project has been extensively analysed by combining the information 
about the farming and tree management practices of all the farming parcels or plots 
operated by households. However, the data have yet to be analysed based on livelihood 
systems. It is becoming increasingly common for forestry researchers to identify and 
describe typologies of households or landholders in ‘developed’ countries, defined according 
to their objectives for and constraints to tree management. On the other hand, research 
programs in ‘developing’ countries designed to assist smallholder forestry and agriculture 
development programs have commonly used farming systems or livelihood systems 
analyses to develop their typologies.  
 
Grouping households with similar characteristics of livelihood systems, it is useful to develop 
a typology of households in Leyte defined on the basis of the livelihood practices of the 
households to compare with the typology developed on the basis of the households 
objectives for and constraints to tree management. Such typology study could provide 
additional insights into household’s present and intended land management practices and 
the relationships between these practices and household socioeconomic characteristics.  
 
RESEARCH QUESTIONS TO BE ADDRESSED 
 
It is expected that the characteristics of the land in terms of the ownership and slope would 
determine the crop types grown by the households. For the majority of households, the main 
asset available to them to secure their livelihoods is agricultural land, there being few 
opportunities for rural households to earn non-farming income. The quality of this land varies 
from terraced and irrigated plots that are suited to growing rice, to steeply sloping land that is 
suited to growing coconut palms, trees, or annual crops for short periods with a high loss of 
soil. Those households with access to higher quality agricultural land are better placed to 
secure their livelihood.  
 
• This research will address the following questions. Can the households be formed 
into a typology, based on the variables representing their livelihood strategies 
including characteristics of their farming land? 
• Is it possible to form a typology of households using their livelihood systems as a 
defining criterion? 
• How does this typology link with the typology based on attitudes to tree 
management? 
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GENERAL RESEARCH APPROACH AND JUSTIFICATION 
 
The study is undertaken through descriptive statistics (e.g. cross tabulations) and 
multivariate analyses (including discriminant analysis and cluster analysis), based on 
empirical data from community surveys. In particular, cluster analysis is a main classification 
technique to be employed in this research because it is well suited to investigating the 
relationships between agroforestry types, farming systems and livelihood practices. The 
purpose of the research is to Improve understanding of the nature and degree of variation in 
socioeconomic characteristics between households. Cluster analysis provices a means to 
explore these variations, to attempt to identify patterns in the variations and to help identify 
relationships between characteristics.  
 
Discriminant analysis techniques are used to classify individuals into one of two groups or 
populations in general on the basis of a set of sample observations. For example, an 
investigator wishes to derive a classification function that would help determine whether a 
middle-aged person is likely to have a specific diagnosed disease. Cluster analysis is similar 
to discriminant analysis in that both are classification techniques using a selected set of 
variables. However, they are different in that cluster analysis is a technique for grouping 
individuals into unknown groups (Afifi and Clark 1996). Cluster analysis is inductive since 
patterns in the data relevant to the phenomena under consideration are identified without a 
priori classification scheme. 
 
Kendall and Buckland (1990) defined the term cluster as ‘a group of contiguous elements of 
a statistical population, e.g. a group of people living in a single house or a set of adjacent 
plots in one part of a field’. In laymen’s term, a cluster is a set of individuals which are alike, 
and individuals from different clusters are not alike; individuals within a cluster are more 
similar to each other than the individuals in other clusters’ (Everitt 1986). The term cluster 
analysis is used for techniques which group individuals. In this paper, the term individual, 
observation or case will be used for the objects which are to be subjected to cluster analysis. 
The observations taken on each individual in a sample will be generally referred to as 
variables, characteristics or attributes. The results of a cluster analysis will be a number of 
groups, clusters, types or classes, these terms being used interchangeably.  
 
Cluster analysis techniques may themselves be classified into two general categories: 
hierarchical techniques and K-means techniques. In the hierarchic classification, the data 
are not partitioned into classes in the beginning, and thus each observation constitutes its 
own cluster. Next, any two closest clusters are combined such that the number of clusters is 
reduced by one at a time. This grouping continues in the progressive manner. If an 
observation has no other observation to be combined with, it should remain to be a single 
element cluster. At the next stage, the two closest clusters are grouped into one, and so on 
until all observations are grouped into one cluster (Everitt 1986; Afifi and Clark 1996). The 
variables in the hierarchical technique can be quantitative, binary or count data. The K-
means clustering, a popular non-hierarchical clustering technique, is limited to continuous 
data and requires the researchers to specify the number of clusters in advance. 
 
SAMPLING STRATEGY AND RESEARCH METHOD 
 
Data used in this study have been previously collected in the household survey undertaken 
in ASEM/2000/088. That information was used to develop a typology of livelihood sources 
utilised by the households.  
 
In general, there are a few of major steps in clustering a set of multivariate data as follows: 
 
1. Choose variable which are thought to be relevant to the study. 
2. Undertake a computer-aid classification technique. 
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3. Interpret the analysis results or build up a typology. 
4. Validate the typology. 
5. Assess the practical utility of the typology. 
6. Determine the stability of the typology.  
 
These clustering steps, which are critical to deriving a reliable typology, are now described.  
 
Selection of Variables 
 
The choice of variables to characterise individuals has the greatest influence on the ultimate 
results of a cluster analysis. In this context, Everitt (1986) warned that the initial choice of 
variables is itself a categorization of the data which reflects the investigator’s judgment of 
relevance for the purpose of the classification. 
 
There are many different ways in which a sample of individuals can be classified. For 
example, one could classify a landholder by his or her farming land size, income or height. 
Strictly speaking, however, this last criterion may have little to commend it. For another 
example, trees can be classified by their final uses rather than by more commonly used 
taxonomic criteria. Hence, any classification that is obtained should be related to features in 
which the investigators are interested and it is quite possible for there to be several different 
classifications of the same set of individuals. The implication of that the investigator should 
give careful thought to selecting the set of variables that will be used to describe the 
individuals (Gorden 1999). As Anderberg (1973) pointed out, variables which are largely the 
same for all data observations have little discriminating power. On the other hand, inclusion 
of strong discriminators not particularly relevant to the purpose at hand can mask the 
sought-for clusters and give misleading results.  
 
Choosing the Number of Clusters 
 
Another practical problem in performing a cluster analysis is how to select the number of 
clusters in the data. No standard or objective procedure exists for making the selection. 
Once the number of types in a typology increases beyond 10 or so groups these factors 
becomes increasingly difficult to conceptualise and communicate to users of the research. 
Thus the number of types defined in a typology is a trade-off between the objective of 
describing unique types and being able to communicate and operationalise the findings of 
the research.  
 
Computer Implementation 
  
Among others, Statistical Analysis System (SAS) and Statistical Package for the Social 
Sciences (SPSS) have cluster analysis programs. Individual programs implement the basic 
algorithm in different ways. In principle, however, the distance to each mean for a given case 
is first calculated. If the case is closest to the mean of its own cluster, the case is left in that 
cluster; otherwise, it is reassigned to the cluster the mean of which is closest to it. These 
steps are repeated until no cases are reassigned. 
 
Interpretation of Results 
 
Having finally produced a set of clusters, each of the clusters needs to be interpreted and 
labelled. It is common in cluster analysis to have some clusters that seem to make no sense. 
The analysis results may be validated through presentation to external personnel, as applied 
by Emtage et al. (2000)1, and the characteristics of the groups defined by the cluster 
                                                 
1 In the study reported in Emtage et al. (2000) the analysis results were presented to farm forestry 
extension personnel in north Queensland, who were asked to aid the author’s interpretation of the 
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analysis may be compared to the characteristics that can be inferred from theoretical 
descriptions of the phenomena and previous research on the phenomena.  
 
Testing the Predictive Validity of Typologies 
 
The validity of a typology can be determined in part through assessment of the 
characteristics of the members of the various types, that is, those characteristics not used as 
criteria to define the types. For example, if types are defined on the basis of proportion of 
households’ land that is moderate to steeply sloping, it can be assumed that the types will 
differ from each other in terms of this variable. If subsequent testing of the characteristics of 
the types reveals that they also differ in terms demographic and socioeconomic factors that 
are known to be related to differences in proportion of households’ land that is moderate to 
steeply sloping, such as level of reliance on farming for their income, then it can be 
concluded that the typology satisfies the test of predictive validity.  
 
Assessing the Practical Utility of Typologies 
The practical utility of a typology is dependent on whether the typology offers the opportunity 
to target programs and communications to specific groups as identified in the typology. In 
designing a methodology to classify farmers it is important to choose a system that will be 
useful in aiding the design and implementation and targeting of development and extension 
programs, and preferably can be replicated in other regions without the need for extensive 
fieldwork. 
 
Determining the Stability of a Typology 
 
A fundamental objective for researchers who identify typologies is to define and describe the 
‘natural’ patterns of variation that exist within a community. One potential problem for 
researchers using cluster analyses as a method for defining a typology is the variation in 
results that occur between the hierarchical and non-hierarchical methods of cluster analysis, 
if possible (Hair et al. 1995; SPSS 2000). There are two ways of addressing this issue. One 
is to apply different multivariate analysis procedures to the data and compare the results of 
each through comparing the characteristics of the types that are formed. The other means to 
determine the validity or stability of the groups formed through cluster analysis is to split the 
sample in two on a random or stratified basis, depending on whether there are theoretical 
reasons to suggest that there will be differences within strata in the sample. The researcher 
can then undertake runs of the cluster analysis procedure on the two sub-samples and 
compare the results of each to assess if they are consistent (Hair et al. 1995). If the sample 
is too small to be split in two, an alternative is to use ‘n-fold’ analysis whereby each case is 
split from a sample in succession, and the accuracy of the predicted membership of the case 
in a type is computed. 
 
EXPECTED RESEARCH OUTPUTS AND THEIR USES 
 
A trial cluster analysis was undertaken based on observations the livelihood assets of the 
households collected in the survey of households in Leyte Province, Philippines by Emtage 
(2004). The criteria used in the cluster analysis to create the typologies included 
observations of the: 
 
• gross yearly cash income of the household; 
• size of the area of land used by the household for farming;  
                                                                                                                                                        
survey responses. They were first asked to define and briefly describe common types of landholders 
in north Queensland and then to assess if any of the types matched with the groups found through 
the cluster analysis. In this way, the study developed a distinct typology of landholders in north 
Queensland with a high degree of consistency across three teams of extension personnel. 
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• proportion of households’ land that is moderate to steeply sloping; and 
• proportion of the households income that is derived from farming. 
 
Typology of All Households Based on Their Livelihood Assets 
 
Respondents scores on the above variables were first standardised by converting them into 
Z scores for use in K-means cluster analyses. The first cluster analysis was used to identify 
the small number of households who have significantly high incomes or large areas of land 
for farming. Of the 203 households entered into the analysis, 192 were classified into five 
groups (Table 1). Three of these groups, containing 11 of the households, were identified as 
outliers in terms of their income or area of farming land or both. Two of the five groups 
therefore contained 94% of the classified households. The distribution of land and income 
between Filipino households is known to be highly skewed.  
 
Table 1: Number of cases in each group or type from the first cluster analysis 
 
Group  Number of members 
1   7 
2   1 
3   3 
4 96 
5 85 
Valid                                      192 
Missing                                        11 
 
The households in the ‘outlier’ groups are characterised by very high levels of income or 
large landholdings. Groups 1 and 2 have relatively large landholdings, although group ones’ 
land is smaller in area and of greater slope than that of the single member of ‘group’ two as 
shown in Table 2.  
 
Table 2. Values of variables used as criteria in the cluster analysis to create the typology 
 
Group Variable 
  1 2 3 4 5 Average 
Size of all household land 
(ha) 11.8 30.5 3.5 2.2 2.3   2.8 
Proportion of moderate to 
steep land (%) 88.0 8.2 48.1 4.0 88.6 45.2 
Household gross yearly 
income (PhP1000) 44.8 46.5 340.0 53.6 43.1 53.1 
Proportion of income from 
farming (%) 58 27 8 49 39   44 
 
The three members of Group 3 are largely differentiated by their income level, the average 
of which is nearly 10 times as high as that of the other groups. Groups 4 and 5 contain the 
majority of cases. Members of these groups own or lease farming land of similar area, but 
the land of those in Group 5 is considerably steeper than that of Group 4, their income is 
lower (p < 0.10) and they have a higher reliance on non-farming activities or remittances for 
their cash income. 
 
Typology of Poorer Households  
 
To investigate more closely the characteristics of the majority of households, a second 
cluster analysis was undertaken using only members of these two large groups from the first 
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analysis. Four groups were identified in the second analysis, with households distributed 
relatively evenly between the groups (Table 3). As expected the average area of land used 
for farming by households in the various groups was more uniform than in the first analysis, 
although households in Groups 3 and 4 have larger landholdings than those in Groups I and 
2, as reported in Table 4.  
 
Table 3. Number of Cases in each group or type from the second cluster analysis of ‘poorer 
households’ 
 
Group  Number of members 
1 51 
2 33 
3 44 
4 53 
 
 
Table 4. Values of variables used as criteria in the cluster analysis to create the typology 
 
Group Variable 
 1 2 3 4 
Average 
  
Proportion of moderate to steep land (%) 2.0 91.7 5.1 86.1 43.7
Size of all household land (ha) 1.90 1.97 2.52 2.51 2.24
Proportion of income from farming (%) 0.21 0.77 0.80 0.15 0.44
Household gross yearly income 
(PhP1000)a 71.8 18.7 33.2 58.0 48.7
 
a. Not significant as a factor in the cluster analysis but significantly different between groups 
 
Households in Groups 2 and 3 have similar level of reliance on farming for their cash 
income. However, their income is lower than that of the other groups and the land used by 
households in Group 2 is almost all moderate to steeply sloping. Households in Group 1 
have a higher average cash income than those in Groups 2 and 3, while households in 
Group 2 have lower incomes than all of the other groups.  
 
The groups identified by the analysis can be differentiated by a number of socioeconomic 
characteristics. Apart from differences in their cash incomes and the size and quality of their 
farming land, the households may differ in their life-cycle stages, their reliance on 
remittances, their education levels, their housing construction materials and their 
involvement with community organisations. Table 5 summarises differences between the 
groups against their socioeconomic characteristics. It is revealed there are strong 
relationships between the livelihood resources of the types and socio-demographic factors, 
in particular the time in the life cycle of the household members.  
 
The characteristics of each of the household types are described in greater detail as follows. 
Further tables illustrating the differences between the household groups are provided.  
 
Characteristics of Group 1 households 
 
Of the poorer households in the survey, those in Group 1 have the highest income, and 
correspondingly the lowest proportion of households below the poverty line. These 
households have a similar proportion of members in the semi-mature and mature categories 
as those in Group 4. Group 1 households are characterised by the high proportion of 
members which have college or postgraduate education and a high level of participation in 
community organisations. They receive a portion of their income from remittances and they 
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have low reliance on farming income, even most of these households have access to 
relatively large areas of rice growing land. A breakdown of the differences between the 
household groups in terms of cropping types is presented in Table 6.  
 
Table 5. Summary of the characteristics of poorer household typesa
 
Group  
Characteristic 
1 2 3 4 
Average 
 
Households having children (%) 66.7 87.9 56.8 60.4 66.3 
Proportion of mature households (%) 3.9 0 13.6 5.7   6.1 
Below poverty line (%) 41.2 97 70.5 58.5 63.5 
Average income of each household 
member (PhP1000) 17.5 3.9 10.3 17.2 13.2 
Proportion of households with college or 
postgraduate education (%) 31.4 6.1 7 13.2 15.6 
Proportion of houses constructed with 
concrete (%) 25.5 3.0 34.1 28.3 24.3 
Proportion of households with access to rice 
growing land (%) 62.7 36.4 72.7 32.1 51.4 
Size of rice growing land (ha) 0.70 0.26 1.13 0.28  0.60 
Farming income total (PhP) 15.4 13.5 27.2 12.4 17.4 
Average amount of remittance received per 
year (PhP1000) 6824 937 1900 10869 5,674 
Proportion of income from remittances (%) 8.7 5.8 5.7 17.8   10.0 
Reasons for managing trees – immediate 4.15 4.10 4.17 3.67  4.00 
Proportion having access to some land 
suitable for rice growing (%) 62.7 36.4 72.7 32.1  51.4 
Proportion who are or have been members 
of a community organisation (%) 60.0 42.4 34.9 56.6 49.7 
 
a. The variables used to summarise the characteristics of the groups are those found to differ 
significantly (p < 0.05) between groups them using Chi-squared and one-way ANOVA tests. 
 
Table 6. Types of crops grown by the various types of poorer households (% of households) 
 
Cropping type 
Group None Coconuts 
only 
Coconuts 
and 
vegetables 
Rice, coconuts 
and or vegetables 
Vegetables only 
1  3.9 15.7 11.8 62.7  5.9 
2 3.0   9.1 27.3 36.4 24.2 
3 0.0 11.4 13.6 75.0   0.0 
4  7.7 19.2 25.0 28.8  19.2 
All 
respondents 3.9 14.4 18.9 51.1 11.7 
 
Characteristics of Group 2 households 
 
Nearly all the households in Group 2 have per capita incomes that are below the poverty 
line, and 60% have housing made only of light materials. In terms of their farming activities, 
nearly all of the farming land used by this group is moderately to steeply sloping. One 
quarter of these households grow vegetables only, one quarter grow coconuts and 
vegetables, while 36% have access to small plots of land for growing rice. Still, they rely on 
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farming for the majority of their cash income. This group has a relatively low level of 
involvement with community organisations. It is notable that most (60%) of the households in 
Group 2 are classed as ‘young’, nearly 90% have children, and the other household 
members are less than 30 years old, as reported in Table 7. 
 
Table 7. Household age categories of the various types of poorer households (% of 
households) 
 
Group Household age category 
 Young 
Semi 
-young Semi-mature Mature 
1 33.3 41.2 21.6   3.9 
2  60.6 36.4   3.0   0.0 
3 22.7 45.5 18.2 13.6 
4 39.6 35.8 18.9   5.7 
All respondents 37.6 39.8 16.6   6.1 
 
Characteristics of Group 3 households 
 
The households in Group 3 are on average the most mature and relatively few have 
children. These households all have access to at least some farming land. They have 
relatively large and flat or gently sloping farming blocks and three quarters of them have 
some land suitable for rice growing. Most of these households have cash income levels 
below the official poverty line. These households also have the lowest level of involvement in 
community organisations. On the other hand, they are well established, having the highest 
proportion of concrete housing and lowest proportion of housing build of light materials 
(Table 8).  
 
Table 8. House construction materials of the various types of poorer households (%) 
 
Group House construction material 
 Light materials Mixed materials Concrete Total 
1  37.3 37.3 25.5 100 
2  60.6 36.4   3.0 100 
3  27.3 38.6 34.1 100 
4  37.7 34.0 28.3 100 
All respondents 39.2 36.5 24.3 100 
 
Characteristics of Group 4 households 
 
While the households in Group 4 have relatively high cash incomes and farm land areas, 
nearly 60% of them have cash incomes below the poverty line. Approximately 90% of the 
farming land they manage is of low quality. Few of these households have access to rice 
growing land and where they do the area is small (less than 0.3 ha). These households rely 
on remittances for approximately 20% of their cash income. Of all the groups, they have the 
most even distribution across the household age classes, three quarters being young or 
part-young.  
 
LINKS WITH OTHER PROJECT ACTIVITIES 
 
Apart from the household survey data collected in ASEM/2000/088, information obtained 
from interviews with tree farmers as part of Activity 2.2 will be used to identify existing 
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livelihood strategies and linked to the financial models. A predictive model will be developed 
and used to classify each of the tree farms surveyed in one of the types identified in the 
typology work – which will allow the researchers to link the data to be collected from the 
existing tree farmers with those collected in the household survey.  
 
DISCUSSION 
 
The data collected by the community survey of the ACIAR Smallholder Forestry Project was 
analysed to capture an unknown typology of households in terms of livelihood systems, in an 
exploratory manner. It is concluded that the typology has the potential to provide greater 
insight into the socioeconomic circumstances of households in the community and the 
factors that influence these. Nevertheless, a great deal of validity testing needs to be 
undertaken to assure a stable and predictive typology of rural households in Leyte. Making 
successive runs of cluster analysis on the same data is required, changing the set of 
variables included in the analysis and the number of clusters. Further, it is advisable to test 
several other approaches to multivariate analysis since the cluster analysis is an empirical 
technique and different classification techniques may produce substantially different outputs.  
 
In addition to hierarchical and K-means approaches, other multivariate analysis methods 
include linear regression, logistic regression, log-linear analysis, discriminant function 
analysis, principal components analysis and factor analysis. Both principal components 
analysis and factor analysis differ from regression analyses in that they do not have a 
dependent variable to be explained by a set of independent variables. These are 
complementary approaches to the cluster analysis and indeed they should be experimented 
to construct a refined typology under consideration in this study. 
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